As health-care organizations transition from paper to electronic documentation systems, capturing the nursing assessment electronically can play a fundamental role in transforming health-care delivery. Especially in preventive health, electronic capture of nursing assessment, combined with vital sign-based monitoring, can support early detection of physiological deterioration of patients. While vital signbased Early Warning Systems have the potential to detect signals of physiological deterioration, their clinical interpretation and integration into the workflow in hospital-based care setting remain a challenge. This study presents a clinical early recognition algorithm using electronic health records (EHRs) coupled with an electronic Nurse Screening Assessment (NSA) that targets various health assessment categories and its integration into the nursing workflow. Data was collected retrospectively from a single institution (N = 2,405 visits). χ 2 tests showed significant differences between algorithms with and without NSA (P<0.01). This study provides a practical framework for facilitating the meaningful use of EHRs in hospitals.
Introduction
The health-care delivery system in the United States is being transformed from a volume-based to a value-based and patient-centered care system. In recognition of this transformation, accurate and ubiquitous patient assessment data play an essential role (Dykes et al, 2009) . Health information technologies, such as electronic health records (EHRs) are critical to transforming the health-care delivery system by facilitating access to and transparency of clinical data (Chaudhry et al, 2006) . Studies have shown potential benefits of EHRs related to information accessibility and clinical decision support (Bates et al, 1998; Congressional Budget Office, 2008) . EHRs have traditionally been used for recording information about the clinical and administrative processes of patient care (Henry & Mead, 1997) . With the shifting focus on patient-centeredness, the expectations that have traditionally motivated the use of EHRs are changing. In May 2015, the report of the American Medical Informatics Association EHR 2020 Task Force on the Status and Future Direction of EHRs encouraged the use of EHRs to transform information into knowledge that can directly impact patient care (Payne et al, 2015) . This perspective on EHRs is supported by nationwide incentives, such as the EHR Incentive Program of the Centers for Medicare &
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Medicaid Services (CMS) (2015) that provides incentive payments to eligible providers and hospitals, as they demonstrate 'meaningful use' of EHRs to improve the quality and safety of care provided to hospitalized patients (CMS EHR Incentive Programs, accessed in June 2015). Every patient encounter presents an opportunity for patients and providers to contribute to the creation and improvement of the health-care knowledge by using EHRs, which is referred to as a 'learning health system ' (Friedman et al, 2010) .
Nursing assessment in EHR documentation
According to the 2011 Institute of Medicine's (IOM) (2011) report The Future of Nursing, nurses can play a fundamental role in creation and improvement of the health-care knowledge. Nurses represent the largest group of the health-care workforce in the U.S. with more than 3 million members. Research evidence shows the positive contribution of nurses to patient outcomes at the hospital and unit level (Aiken et al, 2002; Needleman et al, 2002; Yakusheva et al, 2014) . Nursing assessment is defined as 'the collection of subjective and objective patient information on which to base the plan of care ' (Lewis et al, 2014) . Nursing assessment aims to gather data and information necessary to support identification of problems and symptoms that are relevant for nursing care (Dykes et al, 2009 ). In addition to vital signs and laboratory tests, nursing assessments are clinical variables in the EHRs that are reflective of the patients' health condition that are updated regularly during the hospital stay of a patient. These characteristics make the nursing assessment data particularly important in detecting early signals of physiologic deterioration of a patient in hospital settings.
Considering the potential impact of nursing assessment data on the meaningful use of EHRs, electronic capture of these data has received increasing interest (Poissant et al, 2005; Kelley et al, 2011) . Owing to the increasing complexity of care delivery processes and the fragmented nature of health-care delivery, paper-based information management has significant shortcomings (Chaudhry et al, 2006) . Some of the shortcomings include separation of data entry from data reporting, and limited access to and transparency of data. In addition, reimbursement regulations, which impact the EHR design, are changing with health-care reform (Payne et al, 2015) . Increased emphasis on reduction in disparities in access to health care for the individual patient and for the population requires new EHR documentation models (Payne et al, 2015) . Electronic capture of patient data, including nursing assessment, provides more flexible and accessible structure for documenting clinical care.
Nursing assessment and clinical recognition
Especially in the domain of preventive health, electronic capture of nursing assessment data, in combination with vital sign-based monitoring activities, can facilitate early detection of physiological deterioration, defined as acute abnormality in one or multiple physiological measures (Peberdy et al, 2007; Kyriacos et al, 2011) . Failure to recognize and respond to physiological deterioration can lead to respiratory instability, cardiac arrest, and death (Peberdy et al, 2007) . Studies show that up to 80% of hospitalized patients show symptoms of derangement in vital signs in the 24 h before undesired events (Ludikhuize et al, 2012) . Early detection and intervention can help prevent these events from occurring. The use of Early Warning Scores (EWSs) has been recommended as part of the early recognition and response to physiologic deterioration (Gray et al, 2002; Bynd et al, 2004; Royal College of Physicians, 2012) . EWSs provide a tool for quantifying the extent of physiologic decline by assigning points in a weighted manner based on the abnormality of patients' vital signs (Subbe et al, 2001; Prytherch et al, 2010) . Nursing assessments (e.g., neurological assessment) have been incorporated in existing EWSs, such as the Rothman Index, which has been shown to have discriminative performance regarding discharge disposition, 24 h mortality, and 30-day readmissions in medical, surgical, and critical care units (Rothman et al, 2013) . However, there is an emerging need for improvement and further research including: (i) optimal integration of electronically captured nursing assessment into the care delivery workflow, (ii) impact of nursing assessment on the discriminative performance of an EWS, and (iii) nurses' perceived workload because of the redesigned clinical recognition systems by introducing electronic capture of nursing assessment. Our methodological approach takes these three aspects into consideration while developing a clinical recognition algorithm.
Objectives
Despite existing evidence on the potential benefits of EHRs and other forms of health information technology, U.S. health-care providers have been slow to adopt them ( Jha et al, 2009) . Using EHRs to integrate EWS and nursing assessment data into care delivery workflow has the potential to facilitate early recognition of physiological deterioration. The rationale of this study is to develop an early warning algorithm specifically targeting the detection of physiological deterioration and related undesired events during inpatient hospitalizations to inform care delivery, support early recognition of physiological decline, and potentially reduce the incidence of undesired outcomes. The integrated implementation of the EWS includes the electronic data acquisition of relevant input variables (e.g., vital signs and nurse assessment elements), development of an EWS-based risk assessment system, and assessment of the predictive performance of this system for selected clinical outcomes of interest. The main objectives of this study are: (i) to examine the impact of the electronic nursing assessment categories on the discriminative performance of EWS-based quantitative risk prediction for selected outcomes within 24 h, and (ii) to quantify the nurse-level perception of workload associated with electronic capture of nursing assessment data as part of the redesign of the clinical early recognition system. (Subbe et al, 2001; Prytherch et al, 2010; Royal College of Physicians, 2012) . These systems differ in the measured physiological components, and in the thresholds for triggering a response. EWSs have several advantages: (i) their components can commonly be obtained directly from EHRs, (ii) they combine several dimensions of health to provide a holistic framework for capturing physiological deterioration, and (iii) if collected repeatedly they can help to monitor the changes in physiological condition over time.
Our algorithm (referred as Christiana Early Warning System -CEWS) provides an early recognition system by integrating electronically captured Nurse Screening Assessment (NSA), which will be discussed in detail, combined with an aggregate score assigned to physiological measures using NEWS (Royal College of Physicians, 2012). NEWS was selected because it provides a simple score using readily available parameters in EHRs, and it has been shown to perform better in predicting adverse outcomes compared with several EWSs (Royal College of Physicians, 2012; Smith et al, 2013) . CEWS consists of two parts: (i) the most recent vital signs (heart rate, respiration rate, oxygen saturation, temperature, systolic blood pressure, binary supplemental oxygen variable (yes or no), and neurological assessment measured by the Alert Verbal Pain Unresponsive (AVPU) score), and (ii) NSA categories. The vital sign component is calculated by assigning non-negative numerical values (i.e., weights) to selected physiological and neurological measures based on NEWS as shown in Table 1 .
Our theoretical framework focused on developing an EWS-based risk prediction system that quantifies the multi-dimensional physiological deterioration components during hospitalization and determining whether incorporating nurse assessment elements has the potential to impact the predictive performance of the EWS algorithm with regard to selected undesired events.
In addition, our methodology included a preimplementation staff survey (conducted after staff training and before electronic NSA implementation) and a postimplementation staff survey (conducted at the end of the study period) to gather nurse feedback on their experience with the NSA. Specifically, we focused on perceived workload resulting from the redesigned clinical early recognition system, including the electronically captured NSA. Staff surveys have been used in the health-care literature to gather valuable frontline provider perspectives with regard to hospital organization and staffing (Aiken et al, 2002) , and clinical care teamwork skills and team training (Leach & Mayo, 2013) , among other process-and system-level aspects. Saranto & Kinnunen (2009) reviewed 41 published studies (from 2000 to 2007) to assess the research methods applied in the evaluation of nursing documentation. They found that several studies used a nurse questionnaire as a data collection method. In 13 of the studies, the nurse questionnaire responses were compared in a pretest-posttest design, which supports our pre-and postimplementation survey design. Further, Kossman & Scheidenhelm (2008) used surveys, individual interviews, and observation techniques to describe nurses' experiences with EHR use in community hospitals and the meaning the nurses derived from this experience.
Study design and terminology
This is a single institution, retrospective, observational study of the association between electronically collected nurse assessment categories combined with NEWS (Royal College of Physicians, 2012) and selected events during a hospitalization visit. The study was conducted at Christiana Care Health System (CCHS), Newark, DE. For purposes of this 
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study, an event is defined as the Rapid Response Team (RRT) activation, Code Blue activation, Transfer-to-higher-levelcare, and death. RRT is a critical care team that assists the patient caregiver in assessing and stabilizing the patient's condition at the bedside. Code Blue is defined as a respiratory and/or cardiac arrest. Code Blue activation is used to summon the Advanced Cardiac Life Support team to the location where the resuscitation effort is needed. Transferto-higher-level-care refers to care transition within the study hospital including: (i) from medical or surgical unit to the step-down unit, (ii) from medical or surgical unit to the intensive care unit (ICU), and (iii) from step-down unit to the ICU.
Step-down unit refers to a unit providing an intermediate level of care for patients with requirements between that of the general ward and the ICU (Prin & Wunsch, 2014) . A visit is defined as a hospitalization period starting with admission to one of the four pilot units and ending with discharge from the hospital. Pilot units included one medical, one surgical, and two step-down hospital units at CCHS with two teaching community hospitals for a total of 1,196 licensed beds. The study was approved by the CCHS's Institutional Review Board.
We evaluated the efficiency of the CEWS algorithm by using efficiency curves (Smith et al, 2005) . In this study, efficiency measured the relationship between the monitoring workload associated with possible numerical EWS threshold values (potentially triggering monitoring activities), and the percentage of the observations (at, or above, the threshold values) that were followed by an event (i.e., RRT, Code Blue, Transfer-to-higher-level-care, or death) within the next 24 h. The time window of 24 h was chosen based on clinical expert opinion and our methodology could be easily applied to shorter or longer time windows. Efficiency curve plotted for each CEWS value, the percentage of the total number of observations at, or above, that value against the percentage of the total number of observations that were followed by any one of the defined events within 24 h. Higher efficiency was achieved if a given CEWS threshold value identified the patient population for which the observation at, or above, that value was followed by an event within the next 24 h with higher probability.
Study population and data collection
The study population included adult inpatients (18 or older) with a record of being on one of the four pilot units (categorized as medical, surgical or step-down) between 26 January and 19 April 2015 at CCHS(N = 2,416 visits). Data were extracted retrospectively from the institutional EHR system including patient-level data (e.g., vital signs, nursing screening assessment), events-based data, and visit-level data (e.g., discharge disposition). Vital signs were extracted as documented at a minimum of three times daily. Visit-level data were collected at admission and discharge. NSA data were collected at admission, and three times per day until discharge (or end of the study). Event-based data were coded as binary variables to present occurrence and a date/time value to capture the time as documented electronically (e.g., RRT event = 1 if RRT was activated at that time point, 0 otherwise).
Visits including at least one event were assigned the event group, and visits without an event were assigned into the no-event group. If multiple events occurred during the same visit, only the first event was included in the analysis to avoid violation of the assumptions regarding independence of data elements. The resulting data set included 109 visits in the event group and 2,296 visits in the no-event group (Figure 1) .
The final data set for analysis included 24 h of data before an event for the event group, and 24 h of data before discharge for the no-event group (Figure 1 ). On the basis of clinical expert opinion, we selected 24 h before discharge for the no-event group as that time period represents the healthiest time frame during a visit. This data was compared with the 24 h before an event for the event group, representing the physiological deterioration leading to an event.
Integration of nurse assessment and EWS Nursing policy defines the practice standard for nursing assessment (head-to-toe assessment) for each unit in the study. The complete nursing assessment was paper-based and was required, at a minimum, once every 24 h (inpatient units); patients were reassessed as necessary based on the plan of care and/or clinical status change. During the 3-month study period, nurses in the four pilot units were exposed to a new electronic NSA form, which was developed by a team of critical care experts, nurse managers, respiratory therapists, industrial engineers, biostatisticians, and information technology experts. The form included multiple choice statements focusing on food, respiratory, neurological, musculo-skeletal, gastrointestinal (GI), genitourinary (GU), and electronically pulled and displayed elements focusing on skin assessment (measured by the Braden score Bergstrom et al, 1998), and Table 2) .
The selection of the NSA categories was based on the findings from a study presenting the increase in 1-year mortality after discharge if a given category is partially, or fully, inapplicable for a patient at the time of discharge (Rothman et al, 2013) . These NSA categories were modified using the clinical expertise of our study team; for example, thresholds for Braden and Schmid scores considered 'healthy' were redefined to create a stricter cut-off. In our workflow integration, Braden and Schmid scores were pulled automatically with a 24 h-look-back and 2 h-lookforward algorithm to adjust for the differences between the documentation frequencies of these scores at CCHS. Both Braden and Schmid scores were displayed to nurses at the time of the electronic nurse assessment without any requirements directly associated with the scores. For the remaining NSA categories, if the entire statement associated with that category was accurate for the patient at the time of assessment, it was documented as 'Yes'; if any part of the statement was not accurate it was documented as 'No'; otherwise as 'Unable to assess' (e.g., if the patient was sleeping). Failed NSA categories referred to assessments in which the nurse disagreed with the statement fully or partially (documented as 'No'). In addition to the categories presented in Table 2 , the NSA form automatically pulled and displayed three most recent vital sign values at the time of assessment including temperature, heart rate, respiration rate, blood pressure, and pulse oximetry to provide multidimensional health information and support the assessment process. The NSA form was integrated into the institutional EHR system used for clinical documentation. The form was activated only for the pilot units during the 3-month data collection period and fired as a required task for nurses in addition to the daily paper-based assessment three times daily at 8:00, 16:00 and 12:00AM.
In addition, failed NSA categories were assigned a numerical weight of one. If the nurse agreed with the complete statement for a given NSA category, or was unable to assess, the corresponding NSA category was assigned a weight of zero for that given time point. The final CEWS was the aggregate score including all weights. For example, a patient with a NEWS value of 4 who failed skin and GU assessments at a given assessment instance would have a CEWS value of 6. The algorithm calculated the CEWS value three times daily when the physiological measures and NSA components were entered into the EHR system. During the 3-month study period, the score was calculated retrospectively and not visually displayed in the EHR system.
Statistical analysis methodology
In this study, Receiver Operating Characteristic (ROC) curve analysis was used to evaluate the performance of the proposed EWS algorithm in detecting patient risk of future physiological deterioration and defined events. ROC curve analysis is a graphical plot that illustrates the performance of a diagnosis test as its discrimination threshold is varied, which has been widely used in medicine, radiology, and biometrics (Swets, 1986) . It is created by plotting the True Positive Rate (TPR, Sensitivity) against the False Positive Rate (FPR, 1-Specificity) at various threshold settings. ROC curve analysis provides a methodology to select predictive models using the area under the ROC curve (AUROC), and determines the probability that a diagnosis test will rank a randomly chosen positive instance (e.g., occurrence of an event) higher than a randomly chosen negative one (e.g., no occurrence of an event). The minimum AUROC possible is 0.5, interpreted as the value that would be expected if the EWS algorithm was no better than random selection of predicting the events. Reasonable discrimination is indicated by AUROC values of 0.7-0.8, and good discrimination refers to AUROC values exceeding 0.8. In this study, AUROC analysis was applied in SAS 9.3 to estimate and compare the performance of CEWS algorithm using the likelihood-based method and χ 2 test. As all of the repeated subjects have been removed from the data set before analysis, the assumption of independent observations has been held implicitly.
Results
AUROC was used to determine the discriminative performance of CEWS differentiating between patients experiencing and not experiencing an event (RRT activation, Code Blue activation, Transfer-to-higher-level-care and death) within 24 h post-CEWS observation (Figure 2) . Figure 2 shows that the weighted aggregate vital sign component (NEWS) has predictive capability for differentiating between patients experiencing and not experiencing an event within 24 h (AUROC 0.75 for all events, and 0.77 Redesigning clinical early recognition
for RRT). Adding each NSA category separately improved the performance for all events as well as for RRT (Figure 2 ). In addition, CEWS provided the best performance (AUROC 0.81 for all events, and for RRT within 24 h). Further, we compared clinical early recognition algorithm alternatives using the χ 2 tests to examine if the alternatives with additional NSA categories differ statistically significantly from NEWS (Table 3) .
As shown in Table 3 , the categories Food, Braden, and GU (highlighted gray) statistically significantly improved the predictive performance compared with NEWS at a significance level of 0.05. In addition, CEWS statistically significantly differed from NEWS (P = 0.0012). With the goal of addressing potential differences between failing different NSA categories and their impact on the occurrence of an event during the visit, we compared the distribution of failed and passed NSA categories by group (i.e., event and no-event). The results showed that the NSA categories can be classified into two groups:
• Categories for which a visit is three times more likely to include an event if this category is failed at least once compared with visits during which the category never failed (Food, Braden, Respiratory, GU, Musculo-skeletal) and • Categories for which a visit is two-times more likely to include an event if this category is failed at least once compared with visits during which the category never failed (GI and Schmid).
This result supports prioritization of NSA categories and can be used to adjust the weighting procedure of the NSA categories within the clinical early recognition algorithm in future studies.
Workload assessment
Several studies have analyzed the impact of EHRs use on nurses' time using time-motion studies, work sampling, and self reporting (Kossman & Scheidenhelm, 2008) . Results vary, with findings reporting no change (Smith et al, 2005) , as well as increased and decreased time burdens with EHRs use compared with paper charting (Moody et al, 2004; Poissant et al, 2005) . We used efficiency curves to assess the workload impact introduced by CEWS during the study period. Efficiency curves have been described in detail elsewhere (Smith et al, 2013) . For each observed CEWS value, the efficiency curve plotted the percentage of observations at or above each CEWS value against the percentage of observations at or above each CEWS value that were followed by an event within 24 h (Figure 3) . In Figure 3 , the gray line shows the cumulative percentage of observations at or above a given CEWS value. For example, during the study period 37.7% of observations reached or exceeded CEWS 3. The gray line reached 100% at CEWS zero which was the smallest value in the algorithm (best possible health condition). As the CEWS value increased, the percentage of observations that reached or exceeded the given value decreased. The black line in Figure 3 presents the percentage of observations at or above a CEWS value that were followed by an event within 24 h. Efficiency curves can be used to examine the potential impact of a clinical early recognition system-based response to physiological deterioration (e.g., CEWS-based RRT activation) and its implications for nursing workload by measuring the number of potential alerts that would be generated at different score thresholds if the threshold is selected to trigger an alert (gray line in Figure 3 ) and risk characteristics of the population for which the alert triggers (black line in Figure 3 ). For example, if a CEWS value of 7 is selected to initiate a resuscitation activity, this corresponds to 6% of observations and the probability of an event within 24 h of a post-CEWS observation is 28.5%. A CEWS value of 9 corresponds to only 2.7% of observations; however, the probability of an event within 24 h post-CEWS observation is higher (40.6%) compared with CEWS 7. In other words, selecting higher-CEWS values as thresholds impacts a smaller set of observation instances with higher probability of being followed up by an event within 24 h. Selecting appropriate thresholds for any clinical early recognition algorithm may require consideration of institution-specific preferences and workflow aspects.
Survey results
With the goal of addressing nurses' experience regarding their participation at the study and perceived workload resulting from the redesigned clinical early recognition system, we conducted a pre-implementation survey (conducted after staff training and before the NSA implementation) and a post-implementation survey (conducted at the end of the study period). Because the NSA form was used at a higher frequency and with a different method of documentation (three times per day electronically in addition to daily paper-based nursing assessment), the surveys focused on the impact of the NSA form on nurses' perceived workload, care delivery, and care transitions. The pre-implementation survey was administered over a 2-week period in December 2014. 92 nurses participated, representing a 76% response rate. The post-survey results were collected over a 2-week period in June 2015.
76 nurses participated, representing a 63% response rate. The survey participants represented a balanced sample, representing all four pilot units. The question about nurses' experience in their current unit was included to ensure that the survey population represented a balanced sample of all experience levels. The experience level of nurses in their current unit showed a bell-shaped distribution with a peak in 3-10 year range. One of the key survey questions was: 'How do you think the Nursing Screening Assessment will impact your workload?' in the pre-implementation survey and 'How did the Nursing Screening Assessment impact your workload?' in the post-implementation survey (Figure 4) .
As shown in Figure 4 , compared with the pre-implementation survey, in the post-implementation survey: (i) the percentage of nurses stating 'slightly increased' workload decreased from 54.3 to 47.4%; (ii) the percentage of nurses stating 'no change' in their workload increased from 40.2 to 46.1%; and (iii) 3.9% of nurses stated that the electronic NSA greatly decreased their workload which was 0% in the pre-survey. The increase in responses stating 'no change' can be explained by the design that during the study period, CEWS was not visually displayed in the EHR system and the NSA form did not include any care-related recommendations or guidance. The decrease in responses 'slightly increased' and the increase in 'greatly decreased' perceived workload suggested a positive attitude toward electronic and more frequent capture of nursing assessment and a supportive environment for integration of NSA into the workflow. In addition, staff surveys facilitated communication with nurses and incorporation of their feedback into design, assessment, and implementation of the redesigned clinical early recognition system.
Discussion
As health-care organizations transition from paper to electronic documentation systems, capturing nurse assessments electronically can play a fundamental role in transforming health-care delivery (Poissant et al, 2005; Kelley et al, 2011) . Our findings suggest that electronic capture of nursing assessment, combined with vital sign-based monitoring, has the potential to overcome the shortcomings of paperbased information management (Chaudhry et al, 2006) and facilitate the early detection of physiological deterioration in non-ICU inpatient settings. Our clinical early recognition algorithm, CEWS, provided a better discriminating performance with regard to an event (i.e., RRT, Code Blue, Transfer-to-higher-level-care and death) within 24 h compared with NEWS. Eight NSA categories were considered in the CEWS algorithm. Each NSA category improved the discriminating performance of the algorithm measured by the AUROC. χ 2 tests showed significant differences between algorithm alternatives with and without the NSA categories Food, Braden, and GU compared with NEWS at a significance level of 0.05. These results can help prioritize NSA categories in clinical practice and adjust the weighting of NSA categories in future studies. Selection of the revised NSA weighting metrics requires a multi-disciplinary approach that combines data-driven methods, for example, AUROC and efficiency curves, provided by data analysts and statistics experts, as well as frontline perspectives provided by the care team including nurses, respiratory therapists, residents, and physicians.
Using a clinical early recognition system that combines physiological measures and nursing assessment supports standardized and structured communication between bedside providers. EWS-based clinical early recognition systems have the potential to assist frontline providers in quantifying physiologic decline. Redesigning paper-based systems using health information technologies can facilitate the integration of health assessment interfaces that are easy to interpret and navigate into the nursing workflow. In addition, prediction of events, such as RRT within 24 h following a numerical score observation, can support allocation of limited staff resources and inform staffing decisions in hospital settings.
Because every health-care system is unique, without health system-specific analysis, implementation of any EWS may result in increased system cost because of potentially increased monitoring and workload. Selecting thresholds to trigger resuscitation responses for any EWS may require consideration of institution-specific staff and workflow aspects. Workload assessment helps to examine the potential impact introduced by EWS-based alerts (Smith et al, 2005) . This approach is essential to develop a clinical early recognition framework which balances workload (e.g., increased frequency of CEWS-based monitoring), and impact on patient outcomes (e.g., identification of patients at risk of physiological deterioration in a timely manner). Finally, comparison of the pre-and post-implementation survey results facilitates provider-supported integration of the electronic NSA into the nursing workflow. The use of staff surveys supports the multidisciplinary framework focusing on the implementation of a flexible and accessible structure for documenting clinical care by bringing clinical experts and health-care researchers together during the planning, implementation, and evaluation of the surveys.
There are several limitations to this study. Our study was conducted at a single health system with two teaching community hospitals that may potentially impact the generalizability of the findings. In addition, this study was conducted as a retrospective observational study. Our study only included adult patients in non-ICU settings. However, as the CEWS algorithm uses routinely measured vital signs and commonly assessed health categories, it can easily be modified for other patient populations and care settings. During the study period, the CEWS value was calculated retrospectively and not visually displayed in the EHR system. Strong health information technology capability is needed to support real-time visual presentation of EWS-based information at the bedside. In addition, while AUROC analysis is an efficient tool for visualizing and evaluating an early warning algorithm by addressing the variance of sensitivity and specificity because of variance in interpretation of thresholds, finding an optimal threshold in the trade-off between sensitivity and specificity remains a challenge in practice. While the presented EWS algorithm can support the clinical decision making, it does not aim to replace the clinical judgement of the frontline providers and decision makers. In addition, sensitivity and specificity may depend on characteristics of the patient population. Finally, the short data collection period of 3 months may compromise the power of the results in this study, especially for rare events with small number of occurrence, such as Code Blue and death.
Future studies may focus on developing health information technology solutions to enable real-time display of the score with corresponding clinical decision support. Future implications of our study include the visual realtime display of CEWS values, trends, and recommendations associated with different thresholds to inform clinical decision making at the bedside. This will require an interdisciplinary approach supported by human factors experts, engineers, and health information technology specialists to optimize the display content and structure while ensuring that preferences of the end-users are considered. Explicit display of CEWS can facilitate a A U T H O R C O P Y preventive care delivery environment, support early recognition of, and timely response to, physiological deterioration and related undesired events during in-patient hospitalizations, and potentially reduce the incidence of undesired outcomes. In addition, electronic capture of NSA has future implications for integrated data entry, standardized reporting, and enhanced access to, and transparency of, clinical data.
Future research will focus on extending the data collection to a longer time period and an increased number of hospital units, as well as including additional outcomes of interest, for example, 30-day readmission rates. In addition, future studies may consider fine-tuning the algorithm by assigning higher weights to the NSA categories with a higher incidence of events if these categories fail. This classification could help prioritize NSA categories and support clinical decision making, such as increasing monitoring frequencies if multiple NSA categories fail simultaneously.
Conclusion
A clinical early recognition algorithm was able to integrate EWS and NSA into the clinical workflow to support recognition of physiological deterioration-induced events in non-ICU hospital settings. Our algorithm has the potential to provide a framework for the meaningful use of EHRs supported by the value-based health-care environment. We developed an algorithm that combined vital sign-based parameters with NSA categories in an integrated and electronically documented framework. Aligning the frequency and documentation method for vital signs and nurse assessment identified potential for improvement in early recognition of physiological deterioration-related events. Our study supports communication of physiologic condition in a dynamically changing care setting by providing an integrated algorithm to quantify and systematically capture the physiological deterioration process. Patient rescue is a complex system that requires an integrated approach to improve care and outcomes. Our findings suggest that electronic data management can support the patient rescue process, and help overcome the barriers resulting from paper-based information management in clinical practice. Our study facilitates an efficient capture of patient information and the identification of a set of variables (i.e., physiological and neurological measures, and NSA categories) that impact the redesign of clinical early recognition systems while realizing benefits from health information technology solutions for efficient clinical data collection and documentation interfaces. Our collaborative interdisciplinary approach, including frontline providers, engineers, data analysts, and statisticians, established a framework that can be used for future clinical early recognition system development targeting quality of care, patient safety, patient outcomes, and system performance. Validation and improvement of EWSbased predictive recognition and rescue systems should be considered an ongoing and continuous process.
